Constrained Magnetic Resonance Spectroscopic Imaging by Learning Nonlinear Low-Dimensional Models.
Magnetic resonance spectroscopic imaging (MRSI) is a powerful molecular imaging modality but has very limited speed, resolution and SNR tradeoffs. Construction of a lowdimensional model to effectively reduce the dimensionality of the imaging problem has recently shown great promise in improving these tradeoffs. This work presents a new approach to model and reconstruct spectroscopic signals, by learning a nonlinear lowdimensional representation of general MR spectra. Specifically, we trained a deep neural network to capture the low-dimensional manifold where the high-dimensional spectroscopic signals reside. A regularization formulation is proposed to effectively integrate the learned model and physics-based data acquisition model for MRSI reconstruction, with the capability to incorporate additional spatiospectral constraints. An efficient numerical algorithm was developed to solve the associated optimization problem involving back-propagating the trained network. Simulation and experimental results were obtained to demonstrate the representation power of the learned model and the ability of the proposed formulation in producing SNR-enhancing reconstruction from practical MRSI data.